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ARTICLE INFO ABSTRACT

Keywords: The COVID-19 pandemic has significantly impacted communities worldwide, and effective
Community quarantine management strategies are critical to reduce transmission rates and minimize the impact of
gompart-mental model the disease. In this study, we modeled and analyzed the COVID-19 transmission dynamics and
oronavirus

derived relevant epidemiological values for three regions of the Philippines, namely, the National
Capital Region (NCR), Davao City, and Baguio City, under different community quarantine
implementations. The unique features and differences of these regions-of-interest were accounted
for in simulating the disease spread and in estimating key epidemiological parameters fitted to the
reported COVID-19 cases. Results support the robustness of the model formulated and provides
insights into the effect of the government’s implemented intervention protocols. With a forecasting
feature, this modeling framework is beneficial for science-based decision support, policy making,
and assessment for recent and future pandemics wherever regions-of-interest.
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1. Introduction

Coronavirus Disease 2019 (COVID-19) is an infectious disease caused by the novel coronavirus SARS-CoV-2 and is mainly char-
acterized by flu-like symptoms, loss of taste or smell, and respiratory problems, etc. [1]. The earliest outbreak of the disease was
observed in December 2019, in Wuhan, China and had since quickly spread across different countries, resulting in a great number of
fatalities [2]. On March 11, 2020, the World Health Organization officially declared it as pandemic [3].

The first and second COVID-19 patients in the Philippines were confirmed on January 30, 2020. They were tourists from mainland
China who had traveled to Wuhan City [4]. A month later, several cases were discovered, both with and without travel history abroad.
This was followed by the continuous rise of COVID-19 cases in the country [5].

The Philippine government enforced measures to control the disease, among which involved the implementation of community
quarantines. Based on the guidelines provided by the Philippine Inter-Agency Task Force for the Management of Emerging Infectious
Diseases (IATF-EID), community quarantines involve temporary lockdowns of an area or region entailing the presence of uniformed
personnel to enforce protocol [6]. This intervention aims to mitigate the spread of the disease by limiting the movement of people
[7]1. However, certain groups of people were exempted from this, such as medical workers, uniformed personnel, emergency re-
sponders, manufacturers, and couriers [8]. Generally, while a community quarantine was in effect, a curfew was imposed and mass
gatherings were prohibited. Traveling between cities or municipalities was restricted. Businesses and organizations that provide non-
essential services were closed while operating vital services were required to follow the minimum health protocol, which included
the observance of social distancing, wearing of masks and face shields, constant disinfection, and so on [9].

The IATF-EID classified quarantine periods into the following classifications: Enhanced Community Quarantine (ECQ), Modified
Enhanced Community Quarantine (MECQ), General Community Quarantine (GCQ), and Modified General Community Quarantine
(MGCQ). During ECQ and MECQ, only essential workers and designated household representatives were allowed outside of their resi-
dences. These designated household representatives were those identified as the member of each household responsible for obtaining
provisions for their families. Although both quarantine periods enforced strict monitoring and control of the population’s movement,
MECQ permitted a much less stringent management as it was a phase for transitioning into GCQ.

During GCQ and MGCQ, some non-essential workers under certain age groups were allowed outside of their residences. Never-
theless, both quarantine periods were still subject to moderate regulation. During MGCQ, however, measures were more relaxed as
it served as a phase for transitioning into the New Normal — the new state or situation where there is a fundamental shift in the
nature/behavior of organizations and citizens in response to the new social, health, and economic realities in a mid-post-COVID-19
world [6,10].

The severity of local COVID-19 situation was the primary basis in deciding which quarantine period was to be implemented [11].
However, the IATF-EID’s protocols on such quarantine period may be amended by the local government unit (LGU) depending on
the needs and circumstances of each respective province, municipality, or city. These modifications were necessary as Philippines
is characterized by a range of different factors unique to the respective LGUs including but not limited to topographical, climatic,
socio-cultural, and demographical differences [12-14]. There were also apparent differences in available resources like manpower,
hospitals, and fund allocation which varied from LGU to LGU vastly affecting the measures an LGU can impose and the extent of
which it can sustain and implement such initiative [15,11]. It is apparent that the efficacy of the intervention protocols and the
severity of the spread of the pathogen were affected by different factors unique to a region. However, this insight remains to be tested
especially in the context of the Philippines, an archipelagic country.

Epidemiological models played a pivotal role in providing deeper understanding on how the many interconnected factors affect
COVID-19 transmission [16]. Among the epidemiological models widely used and studied in this context were the SIR (Susceptible-
Infected-Recovered), SEIR (Susceptible-Exposed-Infected-Recovered), and SUIR (Susceptible-Unidentified-Identified-Recovered) mod-
els [17-19]. Recent mathematical models of COVID-19 incorporate time-dependent parameters to capture multiple phases influenced
by public health interventions and viral variants [20], changing contact patterns [21], demographic shifts [22], and comorbidities
such as diabetes [23]. They also account for time delays to reflect intervention and medical resource availability [24] and model
higher-order interactions through networks to represent non-pharmaceutical interventions [25,26]. Other recent studies focus on
in-host dynamics of SARS-CoV-2 [27], estimating human mobility rates and their implications for understanding COVID-19 dynamics
[28], and estimating the time-dependent effective reproduction number [29]. With the many complexities involved in epidemics,
we needed a model that would be able to mathematically describe the spread of the virus, provide a tractable analysis on the effect
of interventions, and simulate projections on the probable growth or decline of infections. The model should also have an innate
flexibility that could account for diverse factors affecting different aspects of the disease transmission dynamics; such factor including
the circumstantial differences among LGUs in the Philippines [30,31]. Hence, to illustrate the regional dynamics of COVID-19 in the
Philippines and to capture the effect of the efforts to mitigate the pandemic, we developed a modified SEIR compartmental model and
verified whether the model could capture the virus transmission at the selected regions in the Philippines; these regions being vastly
different in several aspects [32]. Basically, we formulated and validated a mathematical model that is flexible enough to simulate the
subtle and significant differences among select regions in the country.

Taking into account the influences of the different imposed quarantine levels, we focused on three distinct regions in the Philippines
with different demographical, political, and environmental profiles: (1) National Capital Region (NCR), with an area of 619.54 square
km [33], a highly urbanized and densely populated region; (2) Davao City, with area of 2443.61 square km [34], a culturally diverse
city located in the southern region of the Philippines; and (3) Baguio City, with area of 57.51 square km [34], a densely populated city
with high elevation and cold climate. Fig. 1 shows where these three regions-of-interest are located in the Philippines. Geographically,
NCR and Baguio City are both located in Luzon island, the northern part of the Philippines with NCR located in the southwest portion
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Fig. 1. Map of the locale of the study showing the three regions-of-interest and their locations in the Philippines. Insets are geopolitical boundaries with
population densities where Baguio City is subdivided by barangays, NCR by cities, and Davao City by Health Districts.

of Luzon and Baguio City in the northern part of Luzon. On the other hand, Davao City is located in Mindanao island, the southern part
of the Philippines. As shown in Fig. 1, the regions-of-interest are subdivided into different geopolitical domains. NCR is subdivided into
different highly urbanized cities, Davao is subdivided into different health districts, while Baguio City is subdivided into the smallest
political unit in the Philippines called barangays. Furthermore, the studied regions differ in population densities vastly affecting the
transmission rates. As shown in Fig. 1, all of the cities in NCR are highly populous while the densest population in Davao City is only
concentrated in a few of health districts, and the population of Baguio City is sparsely distributed across several barangays.

In controlling the spread of COVID-19, the regions-of-interest implemented community quarantines of different levels and dura-
tions. NCR implemented ECQ (March 16-May 15, 2020), MECQ, (May 16-May 31, 2020), GCQ; (June 1-August 3, 2020), MECQ,
(August 4-18, 2020), and GCQ, (August 19, 2020) [35]. Davao City implemented ECQ (March 28-May 15, 2020), GCQ, (May 16-June
30, 2020), MGCQ (July 1-November 19, 2020), and GCQ, (November 20-ONWARDS, 2020) [36]. Meanwhile, Baguio City imple-
mented MGCQ starting on July 15, 2020 towards the entirety of the pandemic with revisions to its protocols on September 1, October
1, October 23, and December 1, 2020 [37-41].

With the apparent differences in COVID-19 management and local-specific geopolitics and demographics, this paper aimed to
develop a minimal model that captures the temporal transmission dynamics of COVID-19 across different regions in the Philippines and
identify key epidemiological parameters affecting its prevalence despite implemented control interventions. We assessed the goodness-
of-fit of the model in estimating the spread of the pathogen and the respective local differences on implementation, demographics,
spatiotemporal, among other factors. In Section 2, we show the methodology of the study, specifically model development, the
reproduction number, model fitting, and model projections. Sections 3 and 4 discuss the different results and expound on their
implications as well as its conclusion, respectively.

2. Methodology
2.1. Model development
We considered modifying the classical Susceptible-Exposed-Infected-Recovered (S EI R) compartmental model implemented using

coupled first-order differential equations. The system of the modified S EIR model is shown in Equation (1) and its corresponding
model diagram is presented in Fig. 2.

4 )

dt NioT
i (Il .
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Fig. 2. The diagram of the modified SEIR model. The compartments of the model are shown as follows with the rates labeling the arrows. Population states are
represented as solid boxes. Arrows represent the flow rates. Note that the .S’ compartment is placed inside a broken rectangle to indicate that the Susceptible population
varies according to population factor. The parameter g'(¢) is a function of time ¢ and is differentiated among other parameters. All of the factors in this model are
piecewise functions to i: the quarantine level implemented.
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forie{l1,2,..,m},m<5,meN where i is the corresponding quarantine level and m is the total number of quarantine levels imple-
mented per region.

The effect of the implemented intervention protocol is represented by the time-dependent parameter g’(t) which is modeled by a
sigmoid function shown in Equation (2) [42]:

g'n= : @
1 +exp

The function g'(¢) is initialized by the parameter tﬁv p; that serves as the starting day of the implementation of the community

quarantine. The sigmoid ascends with the value of t;i that signifies the number of days from ’3\/ p; that the intervention will take

effect. This will cap off at a maximal value of gé, deemed as the maximum percentage of interacting population for that community

quarantine. Observe that when 1 =17\, , g (r;,,) = 0.5 * g{ and when 1 — oo, g'(r) = g{. Fig. 4 illustrates the time-dependent

parameter g across different regions and community quarantine periods, depicted by the black solid curve. The area under this curve
represents the proportion of the population that remains interactive during the interventions. Within each quarantine period, the curve
g displays a sigmoidal shape, eventually reaching a maximum value defined by gé. This scenario is relevant to the Philippine context,
as on the day a new community quarantine is implemented (¢ = t"N pr)> there is an apparent stigma against movement among the
interacting population and quarantine enforcers. This results in a lockdown that is effectively stricter than the one officially mandated.
As time progresses (1 — o), this stigma gradually diminishes. Consequently, the actual interacting population will eventually reach
the maximum allowed number (gé) specified under the applied community quarantine.

Per quarantine i, the model initializes with a population factor: a certain percentage of the population that is at risk of contracting
the disease due to frequent interactions with the public (e.g., frontliners, household representatives, etc.). The type of community
quarantine implemented influences this population factor which limits the allowable population and is assumed to be constant
throughout CQ implementation. The population factor directly affects the initial susceptible population (Sé) influencing the total
population (N) for each i. Mathematically, the initialization for the .S’ compartment per quarantine level i is represented as Sé =
g(i) - Ni.

In System (1), the transmission is brought about by the interaction of the reported (I;') and unreported (/ ‘i) infectious compartments
to susceptibles (S*) at a transmission rate f'. This causes the infected susceptible to move into the exposed (E') compartment. A factor
o' to the unreported cases indicates the multiplicative transmissibility of these unreported cases as these patients are unaccounted
for and are basically at large.

The exposed compartment has a latency rate a’ whose reciprocal is the incubation period of the virus until the patients become
infectious. The infectious population is subdivided into two compartments, namely [ ; (unreported) and [/ ; (reported) with p' as the
proportion of reported infectious cases. This parameter also reflects the protocol of stringent testing and tracing to identify the cases.
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Table 1
Assigned values of the population factor, interacting population, and day of implementation for each community quarantine
period.
Region i Community Quarantine Population Factor Interacting population, & typr» in the year 2020
NCR 1 ECQ 10% 25% March 16
2 MECQ, 20% 50% May 16
3 GCQ, 40% 75% June 1
4 MECQ, 30% 50% August 4
5 GCQ, 60% 75% August 19
Davao City 1 ECQ 25% 15% March 28
2 GCQ, 50% 40% May 16
3 MGCQ 85% 65% July 1
4  GCQ, 60% 50% November 20
Baguio City 1 MGCQ, 50% 55% July 15
2 MGCQ, 60% 65% September 1
3 MGCQ, 70% 75% October 1
4  MGCQ, 60% 65% October 23
5 MGCQjs 80% 85% December 1

Then, the infectious compartments either recover (R') or die (D) at the rates y’ and y‘, respectively. The differential equation for

! . . . ! . . .
the deceased compartment is ddii =’ (I' + I'). Hence, the differential equation of the total population is % =—u (I'+11).
2.2. Time-varying reproduction number R,

The closed form of the compartmental time-varying reproduction number R, was derived using the next generation matrix method
[43]. To see if the model reasonably captures the cases, we compared the results from the time-varying reproduction number R, to
the statistical R, generated using the R package EpiEstim [44].

2.3. Data and model fitting

The developed model was fitted to the 7-day moving average of confirmed daily cases per selected region: the NCR, Davao City,
and Baguio City. The data used for NCR were obtained from the Department of Health Data Drop [45]. For Davao City, data was
obtained, under non-disclosure and data sharing agreements, from the Regional Epidemiology Surveillance Unit of the Department of
Health - Davao Center for Health Development. Similarly, the data for Baguio City was obtained from the Epidemiological Surveillance
Unit of the Baguio City Health Services Office.

In this study, the model parameters f', p, and u’ were estimated using the nonlinear least-squares fitting technique [46]. Using
this method, the model solution was fitted to the moving average of daily COVID-19 incidences by finding the set of parameter values
that minimizes the sum of squared differences between COVID-19 cases and the model solution. This sum of squared differences is
generally formulated as an objective function,

n
i_ : . pi 2
Z' =arg min ; (f@t;: Py = y(t))”. ®3)
where P! = (f', p/, u') in the three-dimensional space B defined by the respective parameter bounds, ¢ ; are the time points of COVID-
19 cases data, f(t P is the model solution, and y(¢ ;) are the moving average data for COVID-19 cases. Thus, we want to find the
best fit to the data indicated as f(7;; P').

The model fitting procedure was done in Matlab using the 1sqcurvefit function [47]. The method used for numerical opti-
mization in solving non-linear least squares problem was the trust-region reflective algorithm. For the three regions under study,
a piecewise model-fitting approach was performed, wherein the time-series data was divided into m different periods that corre-
sponded to the community quarantine level implemented, as shown in Table 1. Consequently, there will be different sets of estimated
parameters per ith period, i € {1,2,...,m}.

To estimate the other model parameters, the different scenarios and circumstances per region were taken into account to simulate
the dynamics of the COVID-19 transmission. Following the geopolitical, demographical and temporal factors of each region, the initial
model parameter values are shown in Tables 1 and 2.

2.4. Short-term projections

The data was subdivided into fitting data and test data for verification. For the projections, the fitting data is obtained from the
last quarantine periods of Aug 19, 2020 - Dec 31, 2020, Nov. 20, 2020 - Jan. 31, 2021, and Dec 1, 2020 - Dec 31, 2020, for NCR,
Davao City, and Baguio City, respectively. After the model parameters have been calibrated according to the respective regions-of-
interest and periods, the model is validated by comparing the predictions with the test data. The testing periods were Jan 1-15, 2021,
Feb 1-15, 2021, and Jan 1-15, 2021 for NCR, Davao City, and Baguio City, respectively. This step involves projecting the COVID-19
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Table 2

Assumed parameter values per region-of-interest.
Region a' (day™") 7, (days) o y' (day™)  Ej(ndv) I ;ﬂ (indv)
NCR 0.2 14 1.5 ﬁ 2500 250
Davao City 0.2 3 2 % 700 250
Baguio City 0.2 14 2 1—16 100 25

cases for the next 15 days using the calibrated model and comparing it with the actual data. The projections were done for different
values of gé (25%,50%,75%,100%), simulating scenarios of community quarantine. The result was then subjected to bootstrapping
techniques with 10,000 samples to construct confidence intervals around the model predictions.

3. Results and discussion
3.1. Reproduction number

Using the next generation matrix method, the deterministic time-varying reproduction number (R,) is derived as follows:

i B ' =pNS'()
o (W' +yHNI(0)

The detailed calculation is provided in the supplemental file. R; is a dimensionless parameter that represents the balance between
the transmission of the infection and the removal of infected individuals from the population. Hence, g'(t) is directly proportional
to R; which implies that the implemented initial mobility restrictions have a direct effect on the spread of the contagion. Similarly,
the ' parameter is directly proportional to R;, which implies that protocols designed to lessen transmission, such as wearing of face
masks and proper hygiene, will have a direct effect on transmission mitigation.

As seen in Fig. 3, the derived deterministic Rﬁ follows the trend of the statistical R;. It is noteworthy to say that the deterministic R;
over statistical R, trends in Davao City appears more similar compared to NCR and Baguio City. This discrepancy could be attributed
to the data source as Davao City’s data is validated by its Regional Epidemiology Unit which verified the actual onset of symptoms,
among other indicators used in the study. The Baguio City data was obtained from the Epidemiological Surveillance Unit of the Baguio
City Health Services Offices but aside from the timely release of data, its validation and verification was insufficient. Meanwhile, the
data for NCR was obtained from the National Data drop. However, some data points were difficult to validate, and certain cases were
reported in bulk. Nevertheless, the model was still able to capture the overall trend despite the data limitations.

R

@

3.2. Model fitting and epidemiological parameter values

The results from the sensitivity analysis identified the parameters §, o', u' and gé as key parameters driving the transmission
dynamics (see Supplemental file Section C). As g(i) depends on the issued community quarantine per area of interest, it was not
estimated but instead aligned with the respective proportions of the interacting population and the ratio of compliant to non-compliant
individuals according to each quarantine protocol during the specified period (see Table 1 and Fig. 4). In NCR, the highest interacting
population of 75% was observed during GCQ,, while the lowest interacting population of 25% was observed during ECQ. The
population factor was lowest during ECQ at 10% and highest during GCQ,; at 40%. In Davao City, the highest interacting population
was observed during MGCQ at 85%, while the lowest interacting population of 15% was observed during ECQ. The population
factor was lowest during ECQ at 25% and highest during MGCQ at 85%. In Baguio City, the highest interacting population was
observed during MGCQs at 80%, while the lowest interacting population of 55% was observed during MGCQ;. The population
factor was lowest during MGCQ, at 50% and highest during MGCQ; at 70%. The findings of this study suggest that community
quarantine measures can significantly impact the interacting population and the population factor, which can subsequently affect
the transmission of COVID-19. These results are consistent with previous studies that have reported reduced mobility during stricter
quarantine measures, leading to decreased transmission rates [48,49]. However, it is important to note that these measures may have
economic and social consequences that need to be considered when implementing them. Hence, careful consideration is needed in
determining the appropriate level of community quarantine measures to balance the prevention of COVID-19 transmission and the
economic and social needs of the community.

The transmission multiplicative factor ¢’ of untraced cases was estimated to be 1.5 in NCR and 2 in Davao and Baguio City (see
Table 2). Fig. 5 supports this assumption as it shows that the respective chosen value makes the model estimation convergent. This
result indicates that an infected individual can infect two or more individuals in Baguio and Davao, while an infected individual can
transmit the virus to 1.5 individuals in NCR.

Recall the assumed values of the epidemiological parameters in Table 2 for the three regions-of-interest. The latency rate, denoted
by o', was 0.2 in all three regions. This indicates that, on average, it takes about five days for an infected individual to start showing
symptoms of COVID-19 and become infectious. The recovery rate, denoted by y’, was 0.0625, 0.0769, and 0.0714 in Baguio, Davao,
and NCR, respectively. This suggests that it takes about 16 days for an infected individual to recover from COVID-19 in Baguio, while
it takes approximately 13 days in Davao and 14 days in NCR.
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Fig. 3. Comparison of the deterministic time-varying reproduction number over the statistical R, in (a) National Capital Region, (b) Davao City, and (c)
Baguio City. The statistical reproduction number (red) is computed using the data for the day-to-day cases of the three regions-of-interest. In contrast, the reproduction
number of the model from simulations (shown in blue for (a), purple for (b), and green for (c) are plotted with their respective 95% confidence interval. For all regions,
differences between the model R, and the statistical R, can be observed in some periods. In (a), the model and statistical R, showed different trends at the beginning
of ECQ but became similar at the end of the period; in (b), statistical R, during GCQ), reaches less than 1 then goes up to approximately 3 in some days, while model
R, increased but remained to be less than 1; in (c), the model and statistical R, showed different trends during M GCQ,. Moreover, model and statistical R, exceed
1 throughout different periods in all regions, which means that there is indeed a disease spread.

The estimated ¢, for the NCR, Davao City, and Baguio City were 14, 3, and 14, respectively. This means that the mobility in-
terventions implemented in these regions could take approximately two weeks to take effect in the NCR and Baguio City, while it
could take up to three days in Davao City. These findings are consistent with previous studies that have reported the effectiveness of
mobility interventions, such as lockdowns and travel restrictions, in reducing the spread of COVID-19 [50].

Using the assumed values, the model fitting procedure was conducted to derive the values for f, u’, and p’ parameters as reflected
in Table 3. Fig. 9 in the Supplemental file shows the corresponding histogram of the estimated parameters. The results indicate that in
NCR, the highest transmission rate was observed during the ECQ implementation (! = 0.893 day~!), followed by MECQ; (5 = 0.62
day™!), MECQ, (#* = 0.452 day™!), GCQ, (> =0.169 day~!), and GCQ, (> = 0.129 day~!). The death rate was highest during
ECQ (! =0.221 day~!) and MECQ, (y* =0.171 day™!), and lowest during GCQ, (4> = 0.016 day~!). The estimated underreporting
(1-p") was highest during GCQ, (72.61%) and lowest during ECQ (62.41%). In Davao City, the highest transmission rate was observed
during ECQ (#! =0.473 day™!), followed by GCQ, (8% =0.174 day~"), MGCQ (> = 0.136 day~!), and GCQ, (#* =0.136 day~!). The
death rate was highest during GCQ, (4> = 0.082 day~!) and lowest during ECQ (! = 0.032 day™!). The estimated underreporting was
highest during ECQ (97.02%) and lowest during MGCQ (91.78%). In Baguio City, the transmission rate was highest during MGCQ),
(B! =0.55 day~!) and lowest during MGCQ; (> = 0.373 day~!). The death rate was highest during MGCQ, (u* = 0.333 day™!) and
lowest during MGCQ, (u?> = 0.085 day™'). The estimated underreporting was highest during MGCQ; (64.89%) and lowest during
MGCQs5 (29.25%).

The results of this study suggest that the transmission rate, death rate, and estimated underreporting vary across different locations
and community quarantine implementations in the Philippines. The highest transmission rates per region-of-interest were observed
during i =1 (ECQ in NCR and Davao City, and MGCQ, in Baguio City). These estimates are consistent with the fact that these
community quarantines are the first to be implemented in each region when much information on the biology and transmission
dynamics of the virus is yet to be gleaned, hence most of the effective intervention strategies are yet to be identified.

The highest death rate was observed during ECQ (i = 1) in NCR, GCQ, (i =2) in Davao City, and MGCQ, (i = 4) in Baguio
City. These periods coincide with the availability of caring facilities per region and the population. The NCR, despite having more
hospitals, has the most densely populated cities that the hospital beds and healthcare facilities were overwhelmed immediately at
the onset of the pandemic coupled with the immediate lack of medicines and other life-support amenities due to the influx of cases.
Meanwhile, Davao City, having been situated in the southern part of the country, got a delayed influx of cases compared to NCR
and hence had some time to prepare its resources and its intervention strategies resulting to a fairly lower death rate on the first
period of CQ implementation. Nevertheless, as it still has millions of residents, its cases still rose and had its hospitals and healthcare
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Table 3
Estimated parameter values and 95% confidence intervals per region-of-interest and intervention.
Region i Community Quarantine  f'( day™') i (day™") P (%)
NCR 1 ECQ 0.893 (0.584 — 1.215)  0.221 (0.112-0.333)  37.59 (35.01 — 41.07)
2 MECQ, 0.62 (0.429 — 1.205) 0.086 (0.01 — 0.333) 28.28 (22.61 — 33.14)
3 GCQ, 0.129 (0.122 - 0.164) 0.016 (0.01 —0.05) 27.39 (23.27 - 32.24)
4  MECQ, 0.452 (0.366 — 0.633)  0.171 (0.12 —0.269) 27.7 (23.12-32.75)
5  GCQ, 0.169 (0.145 - 0.194)  0.149 (0.119-0.179)  36.25 (30.65 — 42.52)
Davao City 1 ECQ 0.473 (0.355 — 0.699) 0.032 (0.01 — 0.096) 2.98 (1.95-4.22)
2 GCQ, 0.174 (0.088 — 0.236)  0.082 (0.01 —0.132) 6.32 (3.4 —11.64)
3 MGCQ 0.136 (0.129 — 0.143) 0.049 (0.042 — 0.056) 8.22 (3.57-16.78)
4 GCQ, 0.136 (0.119 — 0.146) 0.036 (0.017 — 0.047) 6.96 (2.94 — 14.49)
Baguio City 1 MGCQ, 0.55 (0.161 — 0.627) 0.296 (0.01 — 0.333) 43.81 (33.4-61.63)
2 MGCQ, 0.402 (0.241 — 0.87) 0.085 (0.01 — 0.333) 53.16 (30.61 — 81.65)
3 MGCQ; 0.373 (0.118 —0.498) 0.2556 (0.01 — 0.333) 35.11 (19.6 — 61.22)
4 MGCQ, 0.391 (0.108 — 0.505) 0.333 (0.038 — 0.333) 48.43 (26.43 — 84.24)
5  MGCQ;s 0.416 (0.125-0.647)  0.333 (0.025-0.333)  70.75 (37.33 — 100.0)

facilities overwhelmed on the second CQ implementation. Baguio City, on the other hand, despite having the highest death rate only
on MGCQy, it consistently had the highest death rates compared to NCR and Davao City. This difference can be attributed to Baguio’s
aging population, its lower temperature (lowest in the country), higher elevation, dense population and having the fewest number of
hospitals among the regions-of-interest.

The reporting ratio, p, represents the proportion of actual COVID-19 cases that are reported by the health care system. It is equal
to one minus the estimated underreporting in the population. A high reporting ratio indicates that the health care system is capturing
a larger proportion of COVID-19 cases in the population, while a low reporting ratio suggests that many cases are going undetected. In
the context of the COVID-19 pandemic, underreporting is a significant challenge that makes it difficult to accurately estimate the true
burden of the disease in a population. Factors such as limited testing capacity, asymptomatic cases, and mild or moderate symptoms
can contribute to underreporting. Now, as seen in Table 3, the estimated underreporting was highest during ECQ in all locations,
while the lowest estimated underreporting was observed during MGCQjs in Baguio City. It is noteworthy that Davao City had the
highest range of underreporting (91.78-97.02%) among these regions. This observation is due to the fact that Davao City has the
largest area in the Philippines. This wide area and sparsely distributed populace pose significant problem in tracking cases and their
possible contacts given the very few testing facilities during that quarantine period. A higher reporting ratio, such as the one observed
in Baguio City in MGCQs, suggests that the health care system is detecting a larger proportion of COVID-19 cases in the population.
This can be attributed to a variety of factors, such as an effective testing strategy, high public awareness and adherence to public
health measures, and effective contact tracing. Conversely, a lower reporting ratio, such as the one observed in NCR in GCQ,, implies
that the actual number of COVID-19 cases in the population is likely higher than the reported number. Note that NCR is known for
its dense population and diverse geopolitical structure which can be barriers in implementing COVID-19 control interventions and
detection. Hence, we infer that the low reporting ratio of NCR can be attributed to low adherence to public health measures.

Fig. 6 shows that the resulting model curves follow the general trend of cases in each area of interest per community quarantine
implemented. This further supports the flexibility and robustness of the model to capture the dynamics of the spread despite the
differences in circumstances of every region-of-interest.

3.3. Projections

To verify the validity of the compartmental model in predicting the spread of COVID-19, we conducted short-term projections for
the next 15 days using the calibrated model. The forecast was simulated according to different interacting population scenarios that
reflect the supposed quarantine protocol implemented. The results are shown in Fig. 7.

Simulation results shown in Fig. 7 revealed that the model was able to capture the trend in the actual test data for the next 15
days with reasonable accuracy. The predicted number of infected cases closely followed the actual data, and the confidence intervals
around the predictions were relatively narrow, indicating that the model was able to produce reliable predictions. We also observed
that the effectiveness of the quarantine protocol significantly influenced the spread of the virus. The model predicted that a strict
quarantine protocol with a gé) of 25% would result in a significant decrease in the number of infected cases, while a less strict protocol
with a gé of 100% would result in a rapid increase in the number of infected cases.

Projection results indicate that the model was able to accurately anticipate the COVID-19 cases within a relatively narrower inter-
vals compared to projections based on data-hungry and time series-dependent methods like that of Parikshit et al., 2022 [51] where
they projected the cases to be between 601,220-664,506 but the actual reported cases was just 360,775. The discrepancies can be
further attributed to the use of moving averages in the entirety of the dataset without accounting for differences of protocols and
doing piece-wise fitting procedures. In the context of the Philippines, the differences in the implemented CQ and the geopolitical,
demographical and socio-economic nuances would render significant challenges in the projections. Nevertheless, despite the differ-
ences in the modeling framework, our projections corroborate with the results of de Lara-Tuprio et al., 2022 [52] where instead
of projections based on g, they adjusted the force of infections to simulate changes in the number of interacting populations and
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Fig. 6. The data and the model for the COVID-19 incidences in the (a) National Capital Region, (b) Davao City, and (c) Baguio City. The reported cases per
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scenarios of a series of CQs to be implemented. Both forecasts support policy recommendations for preferred scenarios and informed
preparations.

It is noteworthy to mention that our findings align with and build upon recent studies on COVID-19 transmission dynamics. For
instance, recent mathematical models have incorporated time-dependent parameters to capture various phases influenced by public
health interventions, changing contact patterns, and demographic shifts [20-22]. By incorporating the function g/() in our model, we
capture similar dynamics, showing how varying quarantine levels influence interaction rates and disease transmission over time. This
approach echoes studies that model higher-order interactions, such as non-pharmaceutical interventions through networks [25,26].

Furthermore, our modeling approach is validated by comparing the derived time-varying reproduction number (R;) with the
statistical R, values calculated using real-world data. This comparison provides confidence that our model accurately reflects observed
trends, demonstrating robustness similar to the approaches used in recent literature. Thus, our study contributes to the existing body
of work on epidemic modeling, offering a context-specific analysis tailored to the regions in the Philippines.

4. Conclusion

Effective management strategies are critical to mitigate the impact of the COVID-19 pandemic. Targeted, context-specific inter-
ventions are key to systematically and economically reduce the adverse effects of disease spread. In this study, we modeled and
analyzed the COVID-19 transmission dynamics to derive relevant epidemiological parameters and their values for three regions of
the Philippines, namely the National Capital Region (NCR), Davao City, and Baguio City, under different community quarantine
implementations. The sensitivity analysis of the formulated model distinguishes the parameters ', p’, u, and g6 as parameters that
need to be reliably estimated. The interacting population gé had been tailored to the respective implemented community quarantine
per area of interest. The interacting population differs across regions-of-interest as population density and resources varies.

Our analysis shows that the transmission rate, f, is affected by the level of community quarantine implementation. Since £ is
expressed as day~!, indicating the number of people an infected individual can transmit the virus to per day, the higher its value, the
faster the virus can spread through the population. Hence, policymakers should use ' as a key indicator in monitoring the spread of
COVID-19 and making informed decisions on quarantine measures. It is important to note that transmission rates are observed to be
highest during the first onset of the pandemic. Therefore, quick implementations of intervention protocols during the first outbreak
are highly recommended to ease the disease burden.

The death rate, 4', is another important metric to evaluate the severity of COVID-19 and the effectiveness of interventions in
reducing mortality. Our analysis shows that the death rate varied across different regions, with the highest death rate observed in NCR
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Fig. 7. 15-day forecasting for (a) National Capital Region, (b) Davao City, and (c) Baguio City. Shown are the data (red) and the model (blue for (a), purple for
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(a) and (c) and from February 1, 2021 to February 15, 2021 for (b). Scenarios of unchanged g, = 0.75,0.5, and 0.85 for (a), (b), and (c), respectively, and varying
values of g, =0.25,0.5, and 1.0 for (a), g, =0.25,0.75, and 1.0 for (b), and g, = 0.65,0.75, and 1.0 for (c), are also illustrated.

during ECQ, indicating a higher risk of mortality among infected individuals. In contrast, Davao City had a relatively low death rate
throughout the different community quarantine phases, suggesting that the healthcare system was effective in managing the disease.
Moreover, comparing the death rates between different regions can provide insights into the efficacy of their respective healthcare
systems in managing COVID-19. A lower death rate in a region may suggest better access to healthcare facilities, adequate medical
supplies, and effective treatment protocols. On the other hand, a higher death rate may indicate a healthcare system overwhelmed
with cases, inadequate medical resources, or less effective treatment protocols. Thus, providing sufficient amenities will help mitigate
death tolls in future health crises. Overall, the death rate provides crucial information for policymakers and healthcare professionals
in managing the COVID-19 pandemic, including decisions on the allocation of resources and implementation of interventions.

Furthermore, the reporting ratio, p, provides insights into the effectiveness of the health system in detecting and responding to
COVID-19. Our analysis shows that the reporting ratio varied across different regions and community quarantine phases, with a higher
reporting ratio observed in Baguio City during MGCQs, indicating an effective testing strategy and public awareness and adherence
to public health measures. A high reporting ratio suggests that the health system is capturing a larger proportion of COVID-19 cases,
which can aid in implementing appropriate interventions and mitigating the spread of the disease. Importantly, the reporting ratio
is highly related to the geopolitical landscape of the region. That is why the LGU would play a crucial role in ensuring that this
parameter is addressed and well-accounted for.

The short-term projections conducted in this study demonstrate the potential of compartmental models in predicting the spread of
COVID-19 and assessing the effectiveness of control measures aiding public health policies and governance. However, modelers should
exercise caution when using this model to predict COVID-19 cases in other regions, as it requires careful calibration with limited
data. Our model has several key limitations. First, it is based solely on confirmed case and death data, lacking detailed information
on exposed individuals and population interactions. It also assumes that transmission rates and the effectiveness of control measures
remain constant over time, which may not reflect real-world conditions. Furthermore, the model does not incorporate age structure
or spatial dynamics, both of which could affect the accuracy of the results. Future extensions could address these limitations by
including the impact of other interventions, such as vaccination, a critical strategy in controlling the spread of the virus.

In summary, our research underscores the complex dynamics of quarantine measures on the control of COVID-19, highlighting
their varying effects in different places. Due to its flexibility, simplicity and predictive power, this modeling framework has actu-
ally been utilized and was integrated into a decision-support system developed by local system developers. This web-based system
serves as a virtual planning platform for policy makers to aid them in making informed decisions when managing and mitigating
the spread of COVID-19. Policymakers are urged to tailor their strategies to the specific local context, recognizing the need for a
nuanced and adaptable approach. A comprehensive decision-making process must weigh the advantages of such measures against
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their economic and social ramifications, with a particular emphasis on mitigating adverse effects on vulnerable populations. This
integrated perspective ensures a balanced and effective response to the ongoing challenges posed by the pandemic.

In conclusion, our study highlights the importance of community quarantine implementation, healthcare system effectiveness, and
reporting ratio in managing the COVID-19 pandemic. The findings support the flexibility and robustness of the employed model to
simulate the pathogen spread despite the topographical, climatic, socio-cultural, and demographical differences. Results of this study
can aid policymakers and healthcare professionals in making informed decisions regarding interventions and resource allocation to
mitigate the spread of the disease and reduce the associated morbidity and mortality. Future studies can build on our analysis by
incorporating additional factors such as vaccination rates and genomic surveillance to provide a more comprehensive picture of the
COVID-19 pandemic.
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